This paper presents a comparison between two approaches to sensor dibration. A c c o r d i to one approach, cnlled explicit, an estimator compares the sensor readiags to reference rendings, auad uses the difference between the two to estimate the calibration parameters. Accordii to the other approach, called implicit, the sensor error is integrated to form a different entity, which is then compared with a reference quantity of this entity, and the calibration parameters are inferred from the difference. In particular this paper presents the comparison between these approaches when applied to in-flight spacecraft gyro calibration. Reference spacecraft rate is needed for gyro calibration when using the explicit approach; however, such reference rates are not readily available for in-flight &ration.
rate was not readily available. Therefore measured attitude was used to estimate the reference angular rate vector. Subsequently an estimator used the difference between the estimated reference rate and the gyro-measured rate to estimate the calibration parameters. Actually, the two estimators were combined into one Kalman filter. Because the rate estimation was based on Euler's equation that describes the SC angular dynamics, the rate estimation was nonlinear. Classically, an Extended Kaiman filter is used to estimate the state vector of a system in which either the dynamics or the measurement model or both are nonlinear. However, it was found in several cased" that when Euler's equations describing SC angular dynamics are used in the dynamics model the use of the Pseudo-Linear Kalrnan Filter (PSELIKA)6 produced very good estimates of the SC angular velocity.
A simple block diagram that explains the explicit approach to calibration is shown in Fig. 1 . A more detailed description is presented in Fig. 2 . The implicit approach is normally used for calibrating the inertial measuring unit in inertial navigation systems7 and is being used in spacecraft sensor calibration too (see e.g Ref. 8, 9) . The methodology that governs the implicit approach when applied to gyro calibration is presented in a simple block diagram in Fig. 3 and a more elaborate description is shown in Fig. 4 The purpose of this work is to compare between the explicit and the implicit approaches using simulated as well as real gyro data. In the next section we derive the gyro error model due to the caliiration parameters. In Section III we develop the model employed by the explicit gyro-calibration estimator, and in the Section IV we present the model used by the implicit gyrocaliiration estimator. Then, in section V, we show how the estimated calibration parameters are used to compensate the gyro readings. In Section VI we discuss some implementation issues, and
show simulation results in Section W. In the last section we draw our conclusions from this work.
II. The Gyro Error Model
The gyro errors that are considered in this work are: misalignment, scale factor error, and bias (constant drift rate). The gyro error model is a linear model, which associates small error sources to the gyro outputs. Due to the linearity of the model we can mo&I the contribution of each error source independently and then sum up all the contributions into one linear model. We start the description of the error model by deriving the expression for the gyro misalignments.
II.1 Misalignment Model
The assumed direction of the sensitive axis of gyro x, which is one of the three considered gyro axes, is presented in Fig. 5 . The body coordinate axes are also presented and are denoted by y Y, and Z. The orientation of this gyro is expressed by a vector of unit length in the direction of the gyro sensitive (input) axis. It can be seen that the resulting rate error due to misalignment of all three gyros is:
where rnG is the projection of the i-gyro sensitive axis on the j body-axis that is perpendicular to the i body-axis.
Since the sensitive axis is d e s m i d by a unit vector and due to the proximity of the gyro sensitive axis to the respective body-axis, mu is a misalignment angle, assumed to be small, expressed in radians. The elements o ,~~ are the angular velocity components measured by the gyros. Let,
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II.2 Scale Factor Error Model
As mentioned, additional error sources that cause the difference between the correct value of the actual rates and their measurements are the scale factor errors. The error model for the scale factor errors is simply where the superscript k denotes the fact that this error is caused by gyro scale factor errors, assumed to be small, and ki is the scale factor error of gyro i, i = X, y, z . Fiq. (5) can be written as follows 
II3 Bias Model
The bias error model is quite simple and is given by
where I, is the third order identity matrix and where x, y, z are the corresponding gyro axes.
II.4 The Augmented Gyro Error Model
The total gyro error is the sum of all the error discussed before; namely, misalignment, scale factor and bias errors; that is 
III. The Explicit Gyro Calibration Algorithm
Attitude information and rates measured by the gyros are available in-flight but, unlike ground calibration, the reference rates needed for explicit calibration are not readily available. Therefore, as mentioned earlier, in this case we estimate the angular rate vector while estimating the calibration parameters. We use the attitude information to estimate the angular rate. The attitude information can be supplied in various ways; namely, it can be m the form of raw vector measurements or it can be given in an already processed form as attitude quaternion, for example. The estimation of the angular rate vector hinges on the following Euler's equation that describes the SC angular dynamics
. 1 = I-'[(Ico+~)~]co+I-'(T-~)
(1 1.a) where I is the SC inertia tensor, [(IO + h )~] is the cross product matrix of the vector (IO + h) where a cross product of a general vector a is defined as follows
h is the angular momentum of the momentum wheels, h = dh / dt and T is the external torque operating on the sc.
As mentioned before, the reference rate is estimated fiom the measured attitude. This necessitates the inclusion of the attitude kinematics in the estimator dynamics equation. Suppose that the attitude is measured by autonomous star trackers (AST) 'O that yield the measured quaternion. The quaternion kinematics equation is expressed by' ' where W, is the zero-man white noise vector added to the angular dynamics, w, is the zero-mean white noise vector added to the caliiration parameters, and W, is the white noise added to the quaternion dynamics. Because the dynamics matrix is a function of 0 as well as q , the dynamics equation presented m Eq. (14) is nonlinear, subsequently a nonlinear estimator is needed for estimating the state vector. The most appropriate estimator for the nonlinearity structure of this dynamics model is the PSELIKA algorithm3.
As explained before, we have two measurements to consider; namely, the gyro rate-measurements, 0, , and the quaternion measurement, 9 ,
. The quaternion measurement is modeled by a combination of the true quaternion and a zero-mean white measurement noise vector, V, .
(15.c) As explained m the introduction, we combine the estimator that estimates the caliition parameters and that which estimates the rate vector into one estimator; therefore, we have to properly combine the two measurement equations. The merger of Eqs. ( 
IV. The Implicit Gyro Calibration Algorithm
As in the previous case, our goal now is to estimate X , and, following the logic behind the implicit estimation approach, for that we need to know how x influences the attitude estimation. The true quaternion; that is, the quaternion that descnis the true SC attitude, solves the differential equation (12.a) where G! is a function of the true angular rate vector, , which we do not know. We know and therefore we would rather use, the measured rate vector, 0,. According to Eq. 
V. Compensation
To complete the cahiration process we need to perform its second stage; namely, compensation of the gyro readings using the estimated calibration parameten. This stage is performed when either the explicit or the implicit approaches are used. It can be performed periodically during the estimation process or at its end. Compensation during the estimation process is preferable because then the models used by the filters, which are functions of the true angular velocity, become more accurate as the estimation proceeds. From Eq. (1O.c) we obtain
Since -Am
A calibrated gyro measurement, 6 , is computed as follows 
VI. Implementation Considerations
The dynamics matrix m Eq. (14) is a function of 0 and Q which are not available. Initially, however, we can evaluate the matrix using q, rather than q but when the attitude converges we can use the estimated quaternion, 4, which is expected to be closer to 4 . Similarly, initially we can use Om, or the compensated gyro outputs (when compensation is done dtning the estimation process) rather than 0, (which is not available to us) to evaluate the dynamics matrix of Eq. (14) , the measurement matrix, H , of Eq. (15.d) , and the dynamics matrix in Eq. (17.d) .
When the estimator converges in the explicit approach, it is better to switch to the estimated rate denoted by & , and when the estimate of X converges in the implicit approach, it is better to use the calibrated rate, 6 , rather than om because the caliirated gyro readings are normally expected to be closer to O, more than om js.
VIL Test Results
The algorithms were tested using simulated flight data. An angular rate profile was selected which assured complete observability of the estimated &%ration parameters (see Fik. 6). It was assumed that no external torques operated on the SC. Thus, T was set to zero. In order to apply the correct wheel momentum that generated the desired o profile, Eq. (1 1 .a) was transformed into I and was solved for h where 0 and cb were, of course, known functions of time. The correct attitude quaternion was generated using the prescriid 0 . The associated AST readings were simulated by adding the noise vector, V, , to the measured quaternion (see Eq. (18)). That zero-mean noise was generated using a Gaussian random number generator with a standard deviation of lo". The following calibration parameters were used in the simulation.
The simulated gyro readings were generated using 0 , the calibration parameters, and a random noise vector, V, (see Eq. (17.c) . The latter vector was generated using a zero mean Gaussian random number generator with a standard deviation of 0.8 de@.
The nominal inertia tensor was:
Each sensor provided data at a 1 Hz rate. The attitude profile started with an inertial period of 200 seconds (see Figure 6 presents the true angular rates during the s d t i o n (in black) and the estimates (in red). We note that good rate estimates are imperative for obtaining good calibration parameter estimates when using the explicit approach. The true and estimated values of the gyro misalignments are presented in figure 7 . The scale factors are compared in figure 8, and figure 9 presents the same for the gyro bias v h e s .
VII.1 Results with the Explicit F'iIter

VII.2 Results with the Implicit Filter
The true and estimated values of the gyro misalignments are presented in figure 10 . The scale factors are compared in figure 11, and figure 12 presents the same for the gyro bias values.
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American Institute of Aeronautics and Astronautics The three pairs of figures of merit, one for the misalignment, one for the scale factor and one for the bias estimation errors are presented in Table I . It is seen that while the explicit algorithm estimates the misalignments and scale factors better than the implicit algorithm, the latter does better in estimating the biases. However the changes are minor and depend heavily on our ability to tune each filter. In the scenario presented, the performance of the two approaches is comparable.
... J, (for scale factor) J, (forbias) 
Vm. Conclusions
This paper presented a comparison between two approaches to the problem of SC sensor caliiration. In particular, the problem of gyro misalignment, scale factor, and bias estimation was considered. The first approach, the explicit approach, utilizes attitude measurements to obtain rate estimates, which are compared to the gyromeasured rates in order to estimate the calibration parameters. The rate estimation and the caliiration parameter estimation are performed by one pseudo-linear Kalman filter. The second approach, the implicit approach, uses the un-calibrated gyro outputs to compute an attitude that is compared with the measured attitude. The difference, which is a function of the caliiration parameters, is also used in a pseudo-linear filter. In this paper the error models used by the filters of the two approaches were developed and excessive simulation runs were made for different values of calibration parameters. It was found that the performances of the two approaches were comparable. However, the results are sensitive to filter tuning. Sensitivity tests were carried out on the explicit filter dynamics model uncertainty. It was found that the explicit filter results were practically insensitive to inertia and wheel momentum uncertainties. In the present simulations quaternion observations were used, which were based on star tracker measurements. It is recommended that sun sensor and magnetometer measurements, which provide less accurate attitude determination, also be tested.
